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methods, but indicates that each method may be more reliable under specific circumstances. At 177 the level of referral cluster there are 10 cases where the heuristic output is consistent with the 178 actual origin (but different from the Bayesian output) and only 3 cases where the reverse is true. 179 In order to understand why the methods occasionally gave inconsistent results, we examined 180 each of these cases in turn in the context of the phylogenetic tree. First, we considered the 5 181 cases where the output from the Bayesian method was consistent with the actual hospital origin 182 but the heuristic method was not. In 3 of these cases, the output from the heuristic was also 183 inconsistent with the known origin at the referral cluster level. These cases share two properties. 184 First, the signal from the phylogenetic tree is ambiguous; that is, no single hospital is associated 185 with isolates that are obviously closely related to the query. Second, there are very few isolates 186 from the hospital from which the query was recovered in the reference database, but those that 187 are present are closely related to the query. In such circumstances, the Bayesian method will 188 predict the originating hospital on the grounds that it is more poorly represented than the 189 alternatives, whilst the heuristic method, similar to a casual inspection of the tree, will not 190 explicitly consider differences in sampling depth between the hospitals. An example is given in 191 Figure S6 . In this case the Bayesian method predicts the originating hospital as East1A, which is 192 consistent with the actual origin of the query, whereas the heuristic predicts a hospital from a 193 completely different referral cluster (SouthEastC) . 194 Some of the isolates from 2010 represent hospitals that are not represented in earlier isolates. 195 This means that as the query isolates from 2010 are added sequentially to the database in 196 chronological order, there are a number of cases where the actual originating hospital of the 197 query is not represented in the database. In these cases the heuristic cannot assign a probability to 198 this hospital, whereas the prior implemented in the Bayesian method enables it to choose this 199 hospital (see Methods). Thus, this represents another scenario whereby the Bayesian is more 200 likely to predict the actual originating hospital than the heuristic method (see Fig S7 for an 201 example). 202 The incorporation of sampling depth and evenness in the Bayesian method may provide some 203 additional power in the examples above, but in other cases might produce misleading results. 204 and the difference in sampling depth between hospitals. The different scenarios are illustrated by 222 the hypothetical trees in Figure 3 . In sum, the Bayesian method will favour hospitals that are 223 poorly represented in the database, but are represented by isolates closely related to the query 224 isolate, over hospitals that are well sampled and contain diverse isolates, some of which are 225 closely related to query and others of which are completely unrelated to the query (eg cases 2 226 and 3 in Figure 3 ). The heuristic will simply tend to predict hospitals represented by the isolates 227 that are most closely related to the query, regardless of whether those hospitals also contain 228 completely unrelated isolates or how well sampled those hospitals are.
230
The temporal breadth of the database 231 Finally, we examined how the temporal spread of the reference database affects the predictions 232 made by the two methods. This was motivated by the observation that those SNPs observed 233 earlier in the sampling window also tend to be the most widely distributed among the hospitals 234 ( Figure S13 ). This means that older SNPs will, on average, be less informative than those SNPs 235 that have arisen more recently. We even considered it possible that the inclusion of very old 236 isolates in the database may result in the predictions becoming less reliable by worsening the 237 signal to noise ratio. We therefore repeated the analysis using the 91 isolates from 2010 in turn as 238 query isolates against the reference database, but consecutively removing the isolates from the 239 earliest year in the database (ie first removing all the isolates from 2001, then all the isolates 240 from 2002 and so on). In each case we recorded the fraction of the isolates in which the 241 predictions agreed with the actual origin (at the hospital and referral cluster level), and the mean 242 score of the predicted hospital (ie the strength of signal). Whilst this analysis does not provide 243 any clear indication that the inclusion of older isolates significantly confounds the final 244 predictions of the methods, the strength of signal of the predicted hospital or referral cluster is 245 weakened with the inclusion of older isolates when using the Bayesian method ( Figure S9 ) 246 Discussion epidemiology of bacterial pathogens. In addition to shedding light on transmission dynamics, 249 WGS data can provide predictions of antibiotic resistance profiles (15, 16) and, potentially, 250 virulence capability (17, 18) , within a time-frame sufficiently short to inform on treatment 251 options. Here we describe two statistical approaches that further exploit WGS data by 252 distinguishing cases of infection arising through intra-hospital transmission, from those more 253 likely to have been imported from outside the hospital (inter-hospital transmission). In 71% of 254 the 91 cases tested the two methods were consistent, and the predicted source concurred with the 255 phylogenetic context of the query isolate. Thus both methods perform well in cases where the 256 phylogenetic signal is relatively strong, and the provision of intuitive output in real-time has 257 significant implications for infection control priorities. If, in a given hospital, the majority of 258 cases were found to be due to intra-hospital transmission, then resources should be prioritised to to referral should be prioritised.
265
In addition to providing an invaluable tool for real-time epidemiology, the data produced by 266 these methods provide useful summary statistics regarding the relative frequency of intra-versus 267 inter-hospital transmission. Given the strong spatial structuring evident from an overall 268 inspection of the ML tree, it might have been expected that intra-hospital transmission is much 269 more frequent than inter-hospital transmission, but our analyses suggests this is not the case.
270
Approximately half of the robustly assigned cases were consistent with intra-hospital 271 transmission and half with inter-hospital transmission. Moreover, of the inter-hospital 272 transmission events, 39% were long-range events between hospitals in different referral clusters.
273
These observations are consistent with the recent report by Auguet et al, which also highlighted 274 the significance of inter-hospital transmission of S. aureus ST22 (19) . Whilst all of these 275 transmission events were corroborated by an inspection of the tree, this validation step took far 276 longer than generating the output, and compiling summary statistics from a brute-force 277 inspection of the tree alone would be a painstaking and subjective process. The utility of our 278 methods to rapidly catalogue multiple transmission events could pave the way towards 279 constructing transmission networks within and between hospitals based on the frequency of 280 actual events. This contrasts with previous studies based on broad measures of differentiation 281 between bacterial populations circulating in different hospitals (14). 282 In 29% of the cases we examined, our two methods did not produce consistent results, and in 283 these cases the phylogenetic signal tended to be more ambiguous. Although our methods appear 284 to be reasonably robust to sampling uneveness and temporal breadth, an obvious limitation lies 285 in the fact that the reference database does not represent all of the major hospitals in the UK and 286 Ireland, and some hospitals are only represented by a very small number of isolates. Whereas 287 the Bayesian method can account for cases where the originating hospital of a query isolate is not 288 present in the reference database, the heuristic method cannot, and this can explain some of the 289 discrepancies. An alternative possibility is that the strains did not directly derive from a hospital 290 at all, but from the community. Coll et al have recently demonstrated frequent transmission 291 within the community and between the community and hospitals for S. aureus ST22 in the East 292 of England(13). We also note that pre-existing inter-hospital transmission events present in the 293 database might complicate the assignment of subsequent events, and that there may be rare cases 294 that are essentially intractable regardless of the reference database used or the sophistication of 295 the method.
296
Whilst presenting two alternative methods provides a useful means by which to gauge their 297 reliability (in terms of consistency between the methods) and their relative strengths and 298 weaknesses, ultimately the use of dual methods is sub-optimal and adds unnecessary complexity.
299
How then to choose which method is most suitable? Whilst our results suggest comparable 300 performance of the two methods, one possibility going forward would be to use the heuristic 301 method to obtain the best possible priors to inform the Bayesian method. These priors could be 302 updated at regular intervals, thus using the heuristic method to optimise the Bayesian method as 303 the reference database grows. Larger, more representative reference databases will be generated 304 over time, and this will mitigate many of the limitations we have identified in this study and will 305 help to further optimise the methodology.
306
A major question remains as to how generalizable our approach is to other pathogenic species, 307 or even other clones of S. aureus. The ability to reliably reconstruct recent transmission chains 308 within and between hospitals is dependent upon the epidemiological characteristics of the 309 clone/species in question. Multidrug resistant clones that transmit primarily through the 310 healthcare system will be much more amenable to this approach than more susceptible clones 311 that are frequently carried and transmitted asymptomatically in the community and/or commonly 312 occupy environmental niches. Whilst transmission of MRSA ST22 has recently been shown to 313 occur within the community in the UK, it has also been by far the most common hospital-314 acquired MRSA in this country over the last two decades or so (3, 6) , and has spread world-wide 315 (20). Other S. aureus clones, such as USA300, are more frequently associated with transmission 316 within the community (21, 22) , and the approach as described will have more limited utility for 317 this clone.
318
Other major pathogens, such as E. coli and Klebsiella, may be even less suitable due to frequent 319 recombination, and transmission within the community and environment. However, for such 320 species the method should still have utility when specific nosocomial antibiotic resistant clones 321 are considered. For example, K. pneumoniae ST258 is a major carbapenemase producing 322 Enterobacteriacea (CPE) clone that has clonally disseminated over a short time period 323 throughout the Italian healthcare network (23, 24) and elsewhere (25, 26) , and preliminary 324 analysis using an ST258 dataset confirms the usefulness of our approach for this clone (data not 325 shown).
326
In sum, here we demonstrate that it is possible, and indeed desirable, to draw inferences from 327 WGS data regarding local epidemiology without recourse to phylogenetic analysis or SNP 328 thresholds. We believe the methods as presented provide an important first step towards a more The single-nucleotide polymorphisms (SNPs) 359 The short-read Illumina data was mapped to the ST22 reference genome MRSA252, and the 360 regions spanning the major non-core elements (e.g. SCCmec) were excluded as described 361 previously (2, 14) . We discounted all monomorphic sites, and all SNP sites where the frequency 362 of N (ambiguous base) was >1% to ensure quality control. We also removed a small number (n = 363 24) of SNP sites known to be associated with antibiotic resistance as these are known to be prone 364 to homoplasy, and all tri-allelic (n = 144) and tetra-allelic (n = 4) as these may represent 365 sequencing errors or sites under unusual selection pressure. This left a total of 23,686 bi-allelic 366 SNPs which were carried forward to downstream analyses. Of these, 18,217 were singletons 367 where the minority base is only present in a single isolate, and 5469 were present in >1 isolate, 368 with the most common appearing in 454 of the 1022 isolates ( Figure S10 ). Although singleton 369 SNPs are not phylogenetically informative, we retained them in the reference database as it is 370 possible they will be observed in query isolates, and thereby provide additional signal. The 371 positions of the non-singleton SNPs are given in Figure S11 ; there is no indication that they are Preliminary analyses 376 We carried out some preliminary analysis to examine the degree of geographical clustering of the 377 SNPs. A maximum likelihood tree based on the SNP data confirmed that the ST22 isolates are 378 clustered at the levels of hospital, referral region and country (Figure 1) . We further examined
The statistical methods 396 Having carried out a preliminary analysis of a quality controlled dataset, we then developed and 397 tested statistical methodologies for predicting hospital origin. For the English hospitals we also 398 considered referral cluster, and for isolates from Scotland, Wales, The Republic of Ireland and 399 Northern Ireland we considered these national regions as the higher order geographical unit. Our isolates in two hospitals would produce a z-score of 0.5 for each of those hospitals, and so on. A 442 SNP seen in many hospitals will produce a low z -score for that SNP in each of those hospitals.
443
The total weight of z -scores for each SNP is 1, so the normalised hospital score for this 444 heuristic classifier is simply SNPs per site ( Figure S1 ). The estimated probability that there is not a SNP at site s in hospital
These two probabilities are sufficient to construct the likelihood function h L . In a 463 naïve Bayes classifier, each of the contributing pieces of evidence (sites in our case) is treated as 464 independent, so our likelihood function is 
471
In the Bayesian classifier presented here h P is the product of two prior distributions. The
472
first reflects that fact that there is uneven sampling of the hospitals in the database (Figure 3) , so 473 we might expect that a randomly-chosen query isolate is more likely to come from a highly- in the same database used here. We used the frequencies of these candidate introductions to 478 parameterise a 3-level distribution that asserts our prior expectation that the mostly likely 479 hospital (and referral cluster) for a query isolate is the hospital (referral cluster) it was taken 480 from. We note in passing that for most query isolates, neither of our priors makes much 481 difference to the classification; by far the biggest source of contrast between hospitals comes 482 from the likelihood function. circulating in A, then the Bayesian method will predict B whilst the heuristic will predict A.
717
Similarly, in case 3 the heuristic is likely to predict B, but the Bayesian method may predict A if 718 the sample from B contains multiple genotypes. In case 4 both methods will tend to predict B. Figure S1 . The query isolate id (in bold) is 7565_8.25 was isolated from hospital WalesB (RC Wales). Inspection of the Tree (A) confirms that it falls within a clade of other isolates from the same hospital. This hospital was also the Predicted source using both the heuristic (B) and Bayesian (C) methods. RC = Referral cluster. H = Hospital. For a key to the colours see Figure 1 . For a key to the colours see Figure 1 . Figure S5 . The query isolate id (in bold) is 7083_1.38 was isolated from hospital East2G. However, inspection of the Tree (A) confirms that it corresponds to a clade of isolates from East2D, indicating an inter-hospital transmission event between hospitals belonging to the same referral cluster. Both the heuristic (B) and Bayesian (C) methods predicted East2D as the source of the query isolate, which is consistent with inter-hospital transmission. RC = Referral cluster. H = Hospital. For a key to the colours see Figure 1 . For a key to the colours see Figure 1 . Figure S7 . 7564_8.79 was isolated from hospital NorthernIrelandB. As this was the earliest isolate recovered from this hospital It was not represented in the database, the heuristic was unable to predict it. However, the Bayseian hospital predicted this hospital due to the prior. RC = Referral cluster. H = Hospital. For a key to the colours see Figure 1 . Figure S8 . The query isolate id (in bold) is 7083_1.39 was isolated from hospital East2G and the tree (A) shows that it is Related to other isolates from this hospital, pointing to intra-hospital transmission. The heuristic (B) also predicts the origin as East2G. However, the the Bayesian (C) method predicted East1F on the basis that the only isolate corresponding to this hospital in the reference database was reasonably closely related to the query, an that multiple genotypes were present within the well-sample hospital East2G. RC = Referral cluster. H = Hospital. For a key to the colours see Figure 1 . Figure S9 . Examining the impact of the temporal breadth of the database. At the hospital level, the percentage of predictions consistent with the actual origin increases slightly at the hospital level as older isolates are removed, but then drops after 2008 presumably due to a paucity of data in the reference database. At the RC level the removal of older isolates has no obvious impact on the Bayesian method, but decreases the consistency of predictions with the actual origin using the heuristic method.
Regarding the mean score of the predicted origin, there is a slight increase at the hospital level as older isolates are removed for both methods, but this is more marked when only the later isolates remain for the Bayesian method.
There is much more marked increase in the strength of signal at the RC level for the Bayesian method, whilst there is no clear effect using the heuristic method at this level. Figure S12 . Each point represents a single SNP, and the figure shows, for each SNP, the number of isolates in which that SNP is observed against the number of hospitals. The red points are the observed data, the blue points are expected if the isolates were randomly distributed between hospitals (over 1000 simulations). This shows that SNPs are present in far fewer hospitals than expected, given their frequency in the database. Figure S13 . Plot showing relationship between the date at which SNPs are first observed, and their frequency in the database. More recently emerged SNPs are present at a lower frequency and in fewer hospitals, thus they have the greatest discriminatory signal with respect to hospital source.
